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Summary
Swiss Fleckvieh has been established from 1970 as a composite of Simmental and Red 
Holstein Friesian cattle. Breed composition is currently reported based on pedigree 
information. Information on ancestry informative molecular markers potentially pro-
vides more accurate information. 
For the analysis Illumina Bovine SNP50 Beadchip data for 495 bulls were used. 
Markers were selected based on diff erence in allele frequencies in the pure popula-
tions, using FST as an indicator. Performance of sets with decreasing number of mark-
ers was compared. Th e scope of the study was to see how much we can reduce the 
number of markers based on FST to get a reliability that is close to that with the full 
set of markers. On these sets of markers hidden Markov models (HMM) and methods 
used in genomic selection (BayesB, partial least squares regression, LASSO variable 
selection) were applied. 
Correlations of admixture levels were estimated and compared with admixture levels 
based on pedigree information. FST chosen SNP gave very high correlations with ped-
igree based admixture. Only when using 96 and 48 SNP with the highest FST, correla-
tions dropped to 0.92 and 0.90, respectively.
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Introduction
Several analyses of individual admixture levels for cattle 
populations have been presented. Bray et al. (2009) investi-
gated the ancestral components of Devon and Kerry cattle in 
the Dexter breed, using diff erent ML approaches. Gorbach et 
al. (2010) analysed the genetic make-up of Kenyan dairy cattle 
with STRUCTURE soft ware (Pritchard et al., 2001) employing 
HMM. Animal geneticists have developed a host of procedures 
for predicting genetic merit of animals for individual traits from 
large number of markers (Wu et al., 2010; Meuwissen, 2009). 
Information from a reference population of animals with ac-
curate breeding values is used to predict the genetic merit of 
a test population of animals for which such accurate pheno-
typic information is not available. For two-breed crosses, these 
procedures can be used to predict proportion of genes of one 
breed in crossbred cattle when sets of genotypes from purebred 
animals are available as reference. We employed some of these 
methods for predicting levels of admixture of Swiss Fleckvieh 
cattle, a breed with Simmental (SI) and Red Holstein Friesian 
(RHF) being founder populations, using genotypes from the 
Illumina 50k SNP bovine bead chip (Illumina, 2009). Results 
of these methods were compared to that of the HMM approach 
implemented in STRUCTURE, taking pedigree breed composi-
tion as reference. In this study analyses were performed on small 
numbers of ancestry informative markers (Xu and Jin, 2008). 
For extracting important markers for admixture analysis, 
various indicators have been employed. Michael et al. (2004) 
extracted SNP for admixture mapping based on diff erences in 
allele frequenies. Shannon information content served as an in-
dicator for extracting important markers in the study of Alkes 
et al. (2007) while Paschou et al. (2010) used principal compo-
nents analysis for the same purpose. Xu et al. (2008) extracted 
ancestry informative markers (AIM) according to FST, a measure 
of genetic diff erentiation between the pure populations (Weir 
and Hill, 2002). 
Data and methods
Swiss Fleckvieh was established in 1970 as a composite of 
Simmental and Red Holstein Friesian cattle, with the aim of sub-
stantially increasing milk production while keeping dual purpose 
characteristics of the Simmental breed. Th e formal defi nition of 
the Swiss Fleckvieh population has changed over time and cur-
rently includes animals with a pedigree based breed composi-
tion involving 1/8 to 7/8 Red Holstein Friesian (RHF) “blood”. 
Animals <1/8 RHF are in the Simmental section of the herd 
book, animals >7/8 RHF are called Red Holstein Friesian. For 
analysis, 100 pure Red Holstein Friesian according to pedigree, 
100 pure Simmental and 305 admixed animals were selected. 
We did not respect the range of breed proportions for the Swiss 
Fleckvieh breed but included animals along the range of pedi-
gree composition of 0.02-0.99 RHF. Th e average admixture level 
was 0.716 (standard deviation 0.339). Aft er pruning and qual-
ity control, applying Plink 1.07 (Purcell et al., 2007), 40492 SNP 
and 495 animals were used for further analysis. 
Subsets of ancestry informative markers (AIM) were chosen 
according to FST. SAS/genetics 9.2 (proc ALLELE) was used to 
calculate FST for every SNP, based on variance in allele frequen-
cies (Weir and Cockerham, 1984). Average FST from all markers 
was 0.11 (min -0.011, max 0.783). Subsets of SNP with FST higher 
than 0.25, 0.30, 0.35, …, 0.65, 0.70 and 96 and 48 SNP with the 
highest FST values were extracted. From the study Frkonja et al. 
(submitted) we compared our results with full set of markers. 
Th e methods employed to predict breed composition were HMM 
using STRUCTURE and ADMIXTURE soft ware (Alexander 
et al., 2010), and three procedures frequently used in genomic 
selection: partial least squares regression (PLSR), a Bayesian 
approach called BayesB and the least absolute shrinkage and 
selection operator (LASSO).
STRUCTURE is using a model-based clustering algorithm 
to infer population structure using genotype data. We employed 
the admixture model using a burn-in period of 10000 and 10000 
Markov Chain Monte Carlo (MCMC) repeats and considering 
frequencies of SNP correlated. To make comparison with pedi-
gree possible, two genetic clusters were chosen. Checks with 
higher numbers of clusters using the approach of STRUCTURE 
confi rmed that two clusters were the best choice indeed with the 
data at hand (Pritchard et al., 2010). 
PLSR, originally developed by Wold (1966), is trying to min-
imize the sample response prediction error by seeking linear 
functions of the predictors that explain as much variation in 
each response as possible (proc PLS, SAS 2009). For applications 
in genomic selection, see Colombani et al. (2010). We employed 
SAS soft ware (proc PLS, SAS 2009) and have used internal cross 
validation to improve predictive capacity. BayesB (Meuwissen 
et al., 2001) applies a Bayesian mixture model, which assumes 
that only part of the SNP involved provide information about 
the phenotype. Marker eff ects and resulting phenotype predic-
tors were estimated using soft ware bayesgg, kindly provided by 
T. Meuwissen. Th e user needs to provide information about the 
proportion of SNP with considerable eff ect, in our case for dis-
tinguishing breeds. Values given here were: 0.01, 0.1, 0.2, 0.3, 0.4, 
and 0.5. Results were similar; those giving the highest correla-
tions for particular sets are presented here. LASSO is a very effi  -
cient variable selection method that adds and deletes parameters 
(regression coeffi  cients) based on ordinary least squares. SAS 9.2 
(proc GLMSELECT) was employed, choosing 96 and 48 SNP.
Predictions of individual breed composition based on all 
methods and data sets were compared by correlating them with 
values of pedigree admixture. Statistical testing of diff erences of 
correlation coeffi  cients was done by Fishers Z-transformation, 
p-values <0.01 were considered signifi cant; no correction for 
multiple testing was performed. 
Results and discussion
Subsets of AIM selected based on FST values from the two 
samples of purebred animals (Table 1), correlations were simi-
lar for STRUCTURE, PLSR, and BayesB, and lower for LASSO 
except for the situation with FST>0.65, FST>0.70, 96 and 48 SNP, 
where actually no variable selection was performed any more 
with LASSO and LASSO results are those of multiple regres-
sion on those SNP. 
Figure 1 is showing distribution of the highest 100 FST AIM 
on the chromosome 29. It indicates that such SNP are situated 
across the chromosome with some clustering. Please note that 
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we have not pruned SNP in extreme LD for 
our analyses. Figure 2 provides a graphical 
representation of predicted admixture levels 
for the case with 96 ancestry informative SNP. 
Average genome wide FST, indicating the 
diff erentiation of Simmental and Red Holstein 
Friesian breeds was 0.11. Th is is larger than 
the 0.07 for Holstein Friesian and Angus 
(MacEachern et al., 2009) and close to the av-
erage of 0.12 among 10 taurine breeds reported 
by Chan et al. (2010). Th e pedigree of Swiss 
Fleckvieh traced the ancestry of animals until 
their pure Red Friesian or Simmental ances-
tors. Th e reliability of these pedigrees is very 
good; parentage tests have been obligatory for 
all male breeding animals since the inception 
of the breeding program in 1970. We have used 
pedigree admixture as a reference while we 
are aware that identity by descent calculations 
would potentially be more accurate. SNP data 
was not available for the founder individuals 
of the admixed population. We have selected 
ancestry informative markers based on FST. 
Using 1028 SNP with FST>0.45 resulted in very 
similar correlations with pedigree admixture 
as using all SNP, using 594 SNP (FST>0.50) 
resulted in marginally (0.01-0.02 units) lower 
correlations. Estimating admixture based on 
96 or 48 SNP with the highest FST resulted in 
substantially lower correlations (0.90-0.93). 
Our results indicate that there is considerable 
loss of information in predicting admixture 
when going below 1000 ancestry informative 
markers for our recently admixed cattle pop-
ulation. Rapid and cheap prediction of breed 
composition in cattle breeds will be worth-
while in case of incomplete pedigrees and the 
search for the best type of cross or composite 
Table 1. Pearson correlations among pedigree based 
admixture and diff erent methods and subsets of SNP used 
(chosen according to FST value)
 
Number of SNP STRUCTURE PLSR BayesB (1%) LASSO 96 
Full set of SNP 40492 0.972 0.976 0.974  0.934 
5635 (FST > 0.25) 0.971 0.976 0.966 0.934 
3904 (FST > 0.30) 0.971 0.974 0.965 0.934 
2620 (FST > 0.35) 0.969 0.974 0.952 0.934 
1677 (FST > 0.40) 0.968 0.973 0.949 0.934 
1028 (FST > 0.45) 0.966 0.968 0.967 0.934 
594 (FST > 0.50) 0.961 0.957 0.955 0.934 
316 (FST > 0.55) 0.953 0.943 0.937 0.921 
135 (FST > 0.60) 0.940 0.923 0.931 0.912 
49 (FST > 0.65) 0.908 0.904 0.907 0.903 
14 (FST > 0.70) 0.810 0.802 0.802 0.800 
96 (FST > 0.623) 0.924 0.916 0.926 0.918 
48 (FST > 0.651) 0.907 0.903 0.906 0.903 
96 SNP are these with highest FST, 48 is the subset of 96 with the highest 













The highest 100 FST SNP markers on the chromosome 29
Figure 2. 
Admixture predicted with STRUCTURE, PLSR and BayesB using 96 highest 
FST SNP-s. Animals are ordered according to pedigree admixture (proportion 
of RHF), the group before the first vertical bar represents pure Simmental, the 
group after the second vertical bar are pure Red Holstein Friesian.
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of breeds. Given the low price for SNP chips featuring ~3000 
markers (3k chips), trying to go for a solution with a very small 
number of SNP (e.g. 96) does not seem necessary while the in-
formation from such a chip gives similar results for admixture 
levels as a chip with much higher numbers of SNP (50k chip or 
high density chips featuring >500k SNP). 
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